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6.1

Remote Sensing of Drought: Innovative Monitoring Approaches

INTRODUCTION

Evapotranspiration (ET) is an important component of the hydrologic budget because
it reflects the exchange of mass and energy between the soil–water–vegetation system
and the atmosphere. Prevailing weather conditions influence potential or reference
ET through variables such as radiation, temperature, wind, and relativity humidity. In addition to these weather variables, actual ET (ETa) is also affected by land
cover type and condition, as well as soil moisture. The dependence of ETa on land
cover and soil moisture, and its direct relationship with carbon dioxide assimilation
in plants, makes it an important variable for monitoring drought, crop yield, and
biomass—a critical capability for decision makers interested in food security, grain
markets, water allocation, and carbon sequestration (Bastiaanssen et al., 2005).
Because ET can be difficult to measure accurately, especially at large spatial
scales, several different hydrologic modeling techniques have been developed to
estimate ETa using satellite remote sensing. In general, the ET modeling techniques
can be grouped into two broad classes that include models based on surface energy
balance (e.g., Bastiaanssen et al., 1998; Su et al., 2005; Allen et al., 2007; Anderson
et al., 2007; Senay et al., 2007) and water balance (e.g., Allen et al., 1998, Senay,
2008) principles. While water balance models focus on tracking the pathways and
magnitude of rainfall in the soil–vegetation system, most remote sensing energy balance models use land surface temperature (LST) as a primary constraint in partitioning radiant energy available at the surface between heat and water fluxes.
This chapter describes two ET models representing each of these approaches:
the Vegetation ET (VegET) water balance model (Senay, 2008) and the Simplified
Surface Energy Balance (SSEB) approach (Senay et al., 2007, 2011a), comparing
their utility for operational drought monitoring and agrohydrologic applications.
Both models use the concept of a reference ET (ETo) to estimate the potential ET
(ETp) expected under unlimited water conditions, assuming an idealized reference
crop with standardized bulk and aerodynamic resistance factors for vapor transport.
The main difference between the two approaches is in the calculation of a correction
factor accounting for soil moisture impacts on evaporation, estimating ETa as a fraction of ETo. VegET uses a vegetation water budgeting approach to track soil moisture
changes, whereas the energy balance model uses spatial variations in LST.
Both models were designed for global operational applications and are therefore
intentionally simplified in their representation of surface phenomena and modest in
their input data requirements—based only on readily available remote sensing data.
The simplified approaches facilitate real-time implementation in data-limited parts
of the world, providing timely information for operational drought and food security
analyses with minimal manual intervention and expert guidance.

6.2

MATERIALS AND METHODS

Here we provide a brief introduction to the VegET and SSEB ET modeling algorithms. The two approaches each have their own merits and limitations, and they can
be used independently or in combination. The choice of model depends on the availability of data and the objective of the project. Both methods require an ETo data set,
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which can be generated using meteorological data (net radiation, temperature, wind
speed, relative humidity, and air pressure). In addition, the availability of rainfall and
land surface phenology (LSP) data is critical for the VegET water balance model,
while the SSEB energy balance approach requires LST information retrieved from
thermal infrared satellite data. These differences in data inputs are important and
define the applications and constraints that apply to each modeling approach. For
example, the presence of cloud cover adversely affects the SSEB model because LST
cannot be retrieved under cloudy conditions using thermal imaging. In contrast, the
VegET model does not use thermal data and is less affected by cloud cover, which can
be a significant advantage during the growing season in many parts of the world. On
the other hand, VegET considers only rain-fed water inputs to the land surface system, whereas the LST inputs to SSEB provide diagnostic information about moisture
inputs from all sources, including irrigation and shallow water tables. Another advantage of the SSEB approach is that it does not require precipitation data and thus is
less prone to errors associated with the quality of the available precipitation data sets.

6.2.1

Data Requirements

To facilitate global applications, both the SSEB and VegET modeling systems have been
designed to use readily available global remote sensing and weather data sets. Input data
requirements by each model, and rationale thereof, are described in the following.
6.2.1.1 Precipitation Data
Precipitation is a key driver of the water balance VegET model. A combination of
coarse (25 km for 1996–2004) and finer (5 km for 2005 to current) spatial resolution
daily total rainfall data from the National Oceanic and Atmospheric Administration
(NOAA) National Weather Service (NWS) (http://www.srh.noaa.gov/rfcshare/
precip_about.php) is being used based on data availability. Both precipitation data
sets yield comparable seasonal ETa estimates from VegET (data not shown). Spatial
resolution of ETa output from VegET is not significantly limited by the input precipitation data set but rather by the scale of the LSP data used in the model. Furthermore,
rainfall is relatively homogeneous at the subwatershed scale when aggregated over
monthly or longer time scales.
6.2.1.2 Land Surface Phenology Data
As described in the following, LSP parameters used in VegET are defined using a
time series of 1 km Normalized Difference Vegetation Index (NDVI) data derived
from the NOAA Advanced Very High Resolution Radiometer (AVHRR) satellite
imagery for the period of 1989–2004 (Eidenshink, 1990). These data sets have been
normalized over multiple AVHRR instruments.
6.2.1.3 Soil Data
Soil water holding capacity, used in VegET, is derived from the State Soil Geographic
Database (STATSGO) (http://www.ncgc.nrcs.usda.gov/products/datasets/statsgo/)
for the United States, while data from the Food and Agriculture Organization (FAO)
Digital Soils Map of the World are used for global applications.
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6.2.1.4 Reference ET
Over the continental United States (CONUS), the ETo data used by both VegET and
SSEB are produced at a daily time step as described by Senay et al. (2008) using
the standardized Penman-Monteith equation (Allen et al., 1998). Global, six hourly
weather data sets of net radiation, wind, relative humidity, and air temperature and
pressure from the Global Data Assimilation System (GDAS) (Kanamitsu, 1989) are
used to generate a global daily ETo at 1° spatial resolution.
6.2.1.5 Thermal Remote Sensing Data
The SSEB energy balance algorithm is mainly driven by LST derived from thermal
band observations acquired by the Moderate Resolution Imaging Spectroradiometer
(MODIS). Day-time, 8 day average LST tiles at 1 km resolution from the NASA
Terra platform (MOD11A2), acquired from March 2000 to present, have been downloaded from the LP DAAC (Land Processes Data Active Archive Center) and reprojected and mosaicked using the MODIS reprojection tool. Although instantaneous
LST data retrievals (e.g., from the MOD11_L2 swath product) are technically more
appropriate for application of SSEB algorithms, the 8 day composite product is used
here to reduce computational and data demands for operational global applications.
Furthermore, use of the 8 day product reduces data gaps caused by cloud contamination. Ramifications of using the MODIS 8 day LST product are discussed further in
Section 6.2.2.2.

6.2.2

Model Descriptions

6.2.2.1 Water Balance Model: VegET
The VegET approach is based on the most widely used water balance technique for
operational crop performance monitoring: the Food and Agricultural Organization
(FAO) algorithm for computing the crop Water Requirement Satisfaction Index
(WRSI; FAO, 1986). The WRSI reflects the relative relationship (ratio/percent)
between water supply (from rainfall and existing soil moisture) and demand (crop
transpiration demand to meet its physiological needs) using observed data from the
beginning of the crop season (planting) until the current date. WRSI is calculated as
the ratio (or percentage) between the seasonal ET and the seasonal water requirement
of the crop. The seasonal total water requirement is calculated as the ETp adjusted
by a crop coefficient (Kc), which varies by crop type and phenological stage. Kc generally varies between 0.3 and 1.2 for most cereal crops during the growing season
(FAO, 1998).
The Famine Early Warning System Network (FEWS NET) demonstrated a
regional implementation of the FAO WRSI over a modeling domain in southern
Africa (Verdin and Klaver, 2002). Senay and Verdin (2003) further enhanced the
geospatial model by introducing the concept of Maximum Allowable Depletion
(MAD) and a soil water stress factor from irrigation engineering for better estimation of ETa as a function of soil water content. The Senay and Verdin (2003) version
of the model has been operational since 2000, with daily and 10 day outputs for
Africa, Central America, and Afghanistan at 0.1° (∼10 km) resolution. Graphics of
model output are posted operationally at http://earlywarning.usgs.gov/fews/.
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FIGURE 6.1 Simplified conceptual diagram of the VegET model. Major inputs are precipitation (PPT), reference ET (ETo), and NDVI. Estimated parameters are a phenology-based
crop coefficient (Kcp) and a soil-water stress factor (Ks). Model outputs are ETa and runoff.

Building on the WRSI concept, the VegET modeling strategy (Senay, 2008) was
recently developed for estimating ETa in nonirrigated cropland and grassland environments as an enhancement to the U.S. Geological Survey (USGS)/FEWS NET
crop water balance model (Senay and Verdin, 2003). VegET blends concepts from
irrigation engineering with a remote sensing data stream to estimate ETa quickly at
low computational and data costs for sites anywhere in the world. Figure 6.1 shows a
schematic representation of the VegET modeling framework.
A key innovation in the VegET model is the inclusion of the LSP parameter,
which describes the seasonal progression of vegetation growth and development.
The LSP allows the VegET model to be location (pixel)-specific, accommodating localized variations in vegetation growth patterns, as compared to the regionspecific Kc function used in traditional agrohydrologic modeling. LSP can be
observed by spaceborne sensors and is a key biophysical parameter that links the
water and carbon cycles with anthropogenic activities, providing an important
approach to change detection in terrestrial ecosystems (e.g., Goward et al., 1985;
Reed et al., 1994; Tucker et al., 2001; de Beurs and Henebry, 2005). Integration of
LSP information into a phenology-based crop coefficient (Kcp) is described later
in this section.
VegET monitors soil water levels in the root zone through a daily (or longer time
step) water balance algorithm and estimates ETa in rain-fed cropland and grassland
environments. Key input data to VegET are precipitation, ETo, soil water holding
capacity, and LSP. ETa (in units of mm/day) is calculated as the product of the ETo
(mm/day), a soil moisture stress coefficient (Ks), and a phenology-based water-use
coefficient (Kcp), as shown in Equation 6.1 (Senay, 2008):
ETa = K s ∗ K cp ∗ ETo

(6.1)
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The Ks parameter is determined from a vegetation–soil–water balance model and
has a value between 0 (dry soil) and 1 (moist soil). The water balance model works
with a daily soil moisture accounting procedure over a soil bucket that is defined by
the water holding capacity of the soil on a grid-cell basis. The LSP coefficient (Kcp) is
comparable to the Kc widely used by agronomists (Allen et al., 1998) but includes an
LSP dependence derived from remotely sensed time series of NDVI (Senay, 2008).
Kcp represents both the spatial and temporal dynamics of the landscape water-use
patterns on a grid-cell (or pixel) basis. The Kcp parameter is scaled between published crop coefficient minimum (Kcmin) and maximum (Kcmax) values based on current and climatological NDVI data:
K cp =

Kc max − Kc min
* (NDVI i − NDVI o )
NDVI max − NDVI min

(6.2)

where
Kcmax is the maximum (mature) Kc value for a particular vegetation/crop type
Kcmin is the minimum (early stage) Kc value
NDVImin and NDVImax are the climatological minimum and maximum NDVI
values in a year, respectively
NDVIi is the climatological NDVI value for a given period “i” (average weekly
maximum value in this case)
NDVIo is the minimum reference NDVI value that is associated with the minimum Kc value
The calculation of NDVIo depends on the NDVImax specified at each pixel and is
determined using one of two following cases:
Case I: If NDVImax > = 0.40, then
NDVI o = 0.3

(6.3)

NDVI o = 0.33 ∗ (NDVI max − NDVI min ) + NDVI min

(6.4)

Case II: If NDVImax < 0.40, then

Equations 6.3 and 6.4 were formulated to handle sparsely vegetated semiarid and
arid regions differently from well-vegetated areas. Even a low maximum NDVI
region will show a water-use phenology if it is rescaled differently in relation to its
own minimum rather than the “global” minimum of NDVI = 0.3. Other researchers
have used a different formulation to estimate Kc values or comparable coefficients
from NDVI (e.g., Nagler et al., 2005; Groeneveld et al., 2007; Allen et al., 2011) for
the same purpose of estimating ETa.
A major assumption in the specification of Kcp is that there have been no major
climate or land cover changes over the remote sensing data record to affect the
water-use dynamics of a given individual modeling cell (or pixel) as represented
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by the LSP. This limits the utility of VegET (with the current setup) for monitoring highly managed landscapes such as irrigated agriculture and urban/rural fringe
areas. However, with a modification of the water balance component of the model,
current NDVI values are still capable of estimating ET from irrigated lands, as is
demonstrated by Nagler et al. (2005).
For operational monitoring over the United States, the VegET model is run
at 10 km spatial resolution (chosen to reduce computational time for a regional
application) with operational products updated and posted daily at 7:00 pm
(http://earlywarning.usgs.gov/usewem/swi.php). The operational products focus on
the growing season period, defined as April 1–October 31.
6.2.2.2 Energy Balance Model: SSEB
Surface energy balance methods have been successfully applied by several researchers (Bastiaanssen et al., 1998; Su et al., 2005; Allen et al., 2007; Anderson et al.,
2007) to estimate crop water use in irrigated areas and across the general landscape.
The approach taken in these models requires solution of the energy balance equation
at the land surface (Equation 6.5), computing the latent heat flux (ETa converted into
units of energy, W/m2, as a residual):
λE = R n − G − H

(6.5)

where
λE is the latent heat flux (energy consumed by ET; W/m2)
Rn is the net radiation at the surface (W/m2)
G is the ground heat flux (energy stored in the soil and vegetation; W/m2)
H is the sensible heat flux (energy used to heat the air; W/m2)
Most thermal energy balance algorithms intended for operational ET monitoring
have been explicitly designed to minimize sensitivity to errors in the absolute calibration and atmospheric correction of the LST data. Allen et al. (2007) describe a surface energy balance method that employs the hot (dry) and cold (wet) pixel approach
of Bastiaanssen et al. (1998) in the SEBAL (Surface Energy Balance Algorithm for
the Land) model, constraining ETa estimates between reasonable bounds as defined
at these end-member pixels. As such, these methods do not require absolute accuracy
in LST but only relative accuracy in variability across the scene. For net radiation,
SEBAL requires meteorological data on incoming radiation, along with the associated surface albedo and emissivity required to compute outgoing radiation. The
ground heat flux is estimated using remote sensing estimates of surface temperature,
albedo, and NDVI, while the sensible heat flux is estimated as a function of temperature gradient above the surface, surface roughness, and wind speed.
Although the full energy balance approach employed in SEBAL has been shown
to give good results in many parts of the world (Bastiaanssen et al., 2005), welltrained operators are required to perform the selection of hot/cold end-member
pixels, and input data requirements can be prohibitive, especially over large, datasparse regions. As an alternative, the SSEB approach was developed at USGS Earth
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Weather data:
Rn, Ta, U, RH, P

Ta
NDVI

αETο

ETf

ETa

FIGURE 6.2 Schematic representation of the SSEB modeling setup. Suggested value for α
is 1.2 when ETo is based on clipped grass reference ET. Rn is net radiation, Ta is air temperature, U is wind speed, RH is relative humidity, and P is atmospheric pressure.

Resources Observation and Science (EROS) Center for operational application
(Senay et al., 2007, 2011a).
The SSEB approach involves two basic steps (Figure 6.2). ETa is computed as a
product of the reference ET fraction (ETf ) and the reference ET (ETo):
ETa = ETf ∗ αETo

(6.6)

where α is a multiplying factor that is generally set to 1.2 if ETo is from the standardized
clipped grass reference or 1.0 if an alfalfa-based reference ET is used. Local calibration
using lysimeter data is recommended to accurately estimate α if the absolute magnitude of ET is critical for the study. For drought monitoring purposes, where anomalies
with respect to “average” conditions are more important, the consistency of the method
and data is more important than the absolute accuracy of ET (see Section 6.2.3).
The ETf variable is the key to the SSEB approach since it captures the impact
of soil moisture on ETa, while ETo determines the potential ET under nonlimiting
water supply conditions. In the revised SSEB approach presented in this chapter, ETf
is calculated from the LST and air temperature data sets based on the assumptions
that a hot pixel experiences little or no ET (Bastiaanssen et al., 1998; Allen et al.,
2005), and a cold pixel represents maximum ET. An assumption is made in SSEB
that ET can be scaled between these two end-point values of ET in proportion to
the difference between LST and air temperature (Ta) measured at each pixel. Note
that the method does not rely on absolute accuracy in either LST or Ta; however, it
is required that the difference between the LST and Ta be relatively accurate across
the study region. The main driver for the ETf is the difference between LST and air
temperature in relation to the same difference measured at the reference locations
(hot and cold pixels). Across the LST scene, SSEB assumes that pixels with larger
surface-to-air temperature differences have higher sensible heat (lower ET), while
pixels with small (LST − Ta) have lower sensible heat (high ET). The inclusion of
air temperature in the ETf calculation in the revised SSEB approach is intended to
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facilitate continental application of the SSEB approach, reducing the need to select
multiple end-member LST pairs across the continent in different climatic regions,
which is a typical requirement for hot-cold pixel approaches.
The hot pixels are selected using an NDVI image as a guide to identify the locations of dry and nonvegetated (or sparsely vegetated) areas that exhibit very low
NDVI values. Similarly, the cold pixels are selected from well-watered, healthy, and
fully vegetated areas that have very high NDVI values. The ET fraction (ETf,x) is
calculated for each pixel “x” as
ETf,x =

dTh − dTx
dTh − dTc

(6.7)

where
dTh is the difference between surface temperature (Ts) and air temperature (Ta)
at the hot pixel
dTc is the difference between Ts and Ta at the cold pixel
dTx is the difference between Ts and Ta at a given pixel “x”
The method is sensitive to the selection of hot and cold pixels, and caution should
be taken in selecting these reference points. The cold pixel can be a water body or
well-watered dense vegetation, preferably with an NDVI value greater than or equal
to 0.7. Since the energy balance partitioning of a water body is different from a land
surface, a water body may be colder (if fed from snowmelt) or warmer (if fed from a
geothermal source) than most dense vegetation, but this will only bring a systematic
bias that can be corrected by checking against the LST from a well-watered vegetation in the same area and season. The main advantage of a water body is that it is
generally available much of the year except the winter season of some regions when
ET is low. This provides an advantage over the relatively short season of dense vegetation. However, it is important to remain consistent in the choice of the cold and hot
pixels during the different parts of the year (i.e., if a cold pixel is chosen from a water
body, it is advisable to select the same water body over time). The same principle
applies to the hot pixel. In a large image scene, it is advisable to select the hot pixels
from nonirrigated perpetually bare areas, with an NDVI value <0.2.
For this study over the CONUS, Ts is obtained from the MODIS 8 day LST product, while Ta is assigned from the monthly maximum air temperature (generally measured at around 1.5 m above ground level) from the PRISM (Parameter–Elevation
Regressions on Independent Slopes Model; PRISM, 2011) data set, selecting the
monthly interval closest to the 8 day time period corresponding to the LST data
set. Eight-day ETo is computed from daily GDAS ETo output (Senay et al., 2008).
The model is run at 8 day time increments over the period of record. In this chapter,
only seasonal products from April through October are discussed because of their
relevance for season-integrated drought monitoring. A temporally dynamic set of
hot and cold pixels selected from representative locations (cold generally from the
southeast United States [wetter area] and hot pixels [dry areas] in the western High
Plains of the United States) has been used on the entire CONUS data set. It should
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be noted that although the hot and cold pixels are consistent in space, the LST values
generally vary from season to season, so we prepare a unique set of hot and cold
pixels for each period from the same region or location that meets the requirements.
What is unique in this approach is the use of a single set of hot and cold pixels to
scale across the CONUS for each 8 day period.
A number of simplifications regarding representation of land–atmosphere exchange
are implicit in the SSEB algorithm, and these warrant some discussion. First, unlike
SEBAL or METRIC and most thermal ET models, a full energy balance is not computed within SSEB. Rather, ETf is scaled directly in inverse proportion to Ts − Ta,
while other energy balance components are not assessed. This scaling neglects the
effects of variable surface roughness and ground heat flux across the landscape on
the surface energy balance. Also, the use of the 8 day LST composites can introduce
errors into the methodology, because various pixels in the scene may be sampled on
different days under different atmospheric and surface moisture conditions. Finally,
local air temperature can be very different from Ta interpolated between station data
(as in the PRISM data set), and this will add uncertainty to the ET estimates.
This SSEB method is experimental and requires further evaluation under a range
of conditions; however, preliminary assessments are encouraging—particularly for
long-term seasonal ET estimates. Gowda et al. (2009) evaluated the performance of
the SSEB using lysimeter data in northwest Texas and found that it explained 84%
of the lysimeter ET variation, with a mean bias of −0.6 mm/day, using pooled data
sets from irrigated and rain-fed agricultural systems with corn and sorghum fields
over a 2 year study (2006–2007). Recently, Senay et al. (2011b) evaluated the SSEB
ET over the CONUS using an HUC-8 (Hydrologic Unit Code) level water balance
approach. The annual differences between precipitation (P) and runoff (Q) at 1,399
HUC-8 level watersheds were compared to annual SSEB ET estimates with an r2
of 0.90 and a mean bias of −67 mm or −11% of the difference between observed
P and Q. The SSEB ET shows a general underestimation in the lower ET region
(ET < 600 mm) compared to higher ET zones. More importantly, the high r2 (0.90)
demonstrates the precision and reliability of the approach in diverse ecosystems,
especially when used as an anomaly product.
Because this method is intended for easy implementation for large-area monitoring by nonexperts, a simplified approach with minimal data requirements is desired.
Additionally, the ET anomalies used for drought monitoring (see the following) are
less sensitive to errors in the simplified modeling approach than are the absolute
magnitudes of ET. In this context, SSEB can be considered as an index describing
relative changes in ET over the satellite period of record.
6.2.2.3 Comparison of VegET and SSEB
Table 6.1 summarizes differences between the VegET and SSEB modeling
approaches in terms of input and output data characteristics. Operational VegET
output is currently produced over the CONUS on a daily basis, while SSEBbased ETa for the CONUS is updated on an 8 day basis since the summer of
2011 (http://earlywarning.usgs.gov/usewem/eta_energy.php). Historical monthly
SSEB ET outputs are currently available from 2000 to 2009 for the CONUS
and are being validated using flux and water balance model outputs. In addition,
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TABLE 6.1
Modeling and Data Characteristics of VegET and SSEB
Modeling approach
Target monitored/output
Spatial resolution

Spatial extent
Frequency of product
Delay
Period of record

Web access

Geographic projection
GIS environment
Description of product

Challenge/limitation for
operational implementation

VegET

SSEB

Water balance
ETa, soil moisture, runoff
Limited by LSP data
MODIS: 250 m
AVHRR: 1 km
Global (potentially)
Daily
1 day
Limited by rainfall data
1996–current: NexRad/
Station Blend
1979–current: GPCP (Global
Precipitation Climatology
Project)
VegET model output is online
at http://earlywarning.usgs.
gov/usewem/swi.php

Energy balance
ETa
Limited by thermal data
(MODIS/AVHRR: 1 km)
Landsat: ∼100 m (local application)
Global (potentially)
8-day, daily is possible
About 2 weeks for MODIS
Limited by thermal data
AVHRR:1989–current
MODIS: 2000–current

Latitude–longitude
Yes
Appropriate for rain-fed
agriculture or grassland
environments
No major limitation
is anticipated

ETa anomaly online
Africa: http://earlywarning.usgs.
gov/fews/africa/index.php
CONUS: http://earlywarning.usgs.
gov/usewem/eta_energy.php
Latitude–longitude
Yes
Best applied to irrigated systems

Cloud cover and lack of climatic
record

initial results for Africa and river basins in central Asia are showing promising
results (UNEP, 2010; Senay et al., 2007). Applications for both approaches are
presented later in this chapter.

6.2.3 ETa Anomalies
For drought monitoring, indicators are typically formulated in terms of a monthly
to seasonal anomaly, representing deviations of current conditions with respect to
“normal” or “average” historical conditions for that time period. This is because
anomalies (wetter or drier than usual) are easier to understand and measure than
are absolute quantities (e.g., rainfall or ET in mm). Anomaly information is also
more relevant for decision makers because it provides a historical context for how
current conditions compare to conditions from previous years. In addition, impacts
of model assumptions, formulation errors, and biases in input data are reduced in
anomaly products. The main reason for this is that the statistical nature of anomaly
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calculation cancels multiplicative errors (e.g., due to model formulation and input
data biases) that appear in both the numerator and denominator in Equation 6.8.
In this study, seasonal ETa anomalies were calculated over the CONUS for both
VegET and SSEB based on the median of the seasonal (April 1–October 31) total ET
from 2000 to 2009 (data available years) as
ETa _ ano =

ETa _year
∗100
ETa _median

(6.8)

where
ETa_ano is the ETa anomaly for a given year in percent
ETa_year is the seasonal ETa total for a given year
ETa_median is the median seasonal ETa from 2000 to 2009
Although anomalies can be calculated at different time scales, this chapter focuses
on seasonal time scales to highlight the utility of anomaly products for assessing
agricultural drought impacts, which are generally felt at a seasonal time scale. An
example of an international operational ETa anomaly product for Africa using the
SSEB model is presented later in the chapter.

6.3
6.3.1

VegET AND SSEB OUTPUT OVER THE CONUS
Cumulative ETa

Seasonal cumulative ET maps for 2009 over the CONUS generated with the VegET
and SSEB models are presented in Figure 6.3a and b, respectively. Generally, the
two maps are comparable both in magnitude and spatial patterns in the predominantly rain-fed system of the eastern United States. Output from both models in this
region exhibits high seasonal ET in excess of 500 mm, particularly in the southeast.
More notable differences between models are observed in the western United States,
for reasons that may vary by location. For example, the models predict significantly
different fluxes in irrigated regions such as the Central Valley of California, where
crops are expected to have high ET because of targeted water applications. The estimate from the VegET water balance model is low because irrigation water inputs are
not accounted for in this modeling approach. In contrast, the contribution of irrigation is reflected in the MODIS LST data input into the SSEB model, resulting in
higher, more representative ET values over these areas. There are also differences in
the ET results for some areas of the northwest where vegetation with high ET may
be benefiting from snowmelt/soil moisture/groundwater storage processes during the
April–October growing season. This may be another example of impacts of nonrainfall-related moisture inputs that are captured by the SSEB model but not by the VegET
model, which is driven by rainfall alone and does not account for snowmelt or runoff.
Significant differences in the VegET and SSEB ET estimates over Minnesota and
Wisconsin require further investigation. Extensive lakes, wetlands, and near-surface
groundwater contributions to the evaporative flux may be contributing to the higher
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ET fluxes predicted by SSEB in northern Minnesota, but in general, differences in
this area may reflect regional surface properties and land-atmosphere couplings that
are not properly accounted for in the simplified energy balance approach.

6.3.2

ETa Anomalies

Seasonal ET anomaly maps for both VegET and SSEB models are presented in Figure
6.3c and d for 2009, respectively. The severe drought in south Texas and the southwest United States, in parts of Arizona and California, is clearly depicted in both
maps, where below-average conditions (<50% normal ET) prevailed. These areas
also compare well with the drought depiction by the U.S. Drought Monitor (USDM)
of moderate to severe drought for much of the growing season (data not shown but
available at http://drought.unl.edu/dm/archive.html). In contrast, above-average
moisture conditions are indicated by both models for much of the High Plains region
spanning parts of North Dakota to western Texas. Similar above-average moisture
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FIGURE 6.3 (See color insert.) Seasonal (April–October) total ETa (mm) and ET anomalies (%) for CONUS in 2009: (a) seasonal VegET ETa, (b) seasonal SSEB ETa, (c) seasonal
VegET ETa anomaly, and (d) seasonal SSEB ETa anomaly.
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FIGURE 6.3 Seasonal (April–October) total ETa (mm) and ET anomalies (%) for CONUS
in 2009: (a) seasonal VegET ETa, (b) seasonal SSEB ETa, (c) seasonal VegET ETa anomaly,
and (d) seasonal SSEB ETa anomaly.
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FIGURE 6.3 (continued)

conditions were also detected over much of the northern part of the semiarid western United States in both model results. Both of these results are consistent with the
USDM, which assigned most of these areas a nondrought designation over the year.
Although there is a general agreement between the two maps, some regions exhibit
significant discrepancies, including the areas in Minnesota and Wisconsin that were
highlighted in the previous section. While SSEB indicates normal conditions, VegET
suggests ET is below average from the viewpoint of rainfall distribution during the
growing season. This is in agreement with the USDM, which classified the region
as experiencing hydrological drought for much of the 2009 growing season. This
suggests that the water balance and energy balance approaches may be responding
differently to varying hydrologic processes that affect the timing, magnitude and
severity of agricultural and hydrological droughts.
The obvious textural difference in the spatial patterns represented in the two maps
results from differences in spatial resolution. The SSEB is modeled at 1 km while the
VegET is produced at 10 km, but this should not affect results and conclusions made
at a regional scale. These results illustrate the potential for both approaches to generate valuable ET information for operational drought monitoring, but more investigation is required to better understand the ET estimation differences between the two
modeling approaches and determine how they can best be used as complementary
data sources.
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Case Study: Seasonal ET Time Series

To demonstrate the relative utility of the ET and anomaly products generated by the
SSEB and VegET models, a county-based analysis was conducted for two selected counties with contrasting conditions in 2009. One county was located in a drought-affected
part of south Texas (Duval County) and another from central Nebraska (Custer County),
which had above-average rainfall over the growing season that year.
Figure 6.4a and b show monthly ET totals and anomalies, respectively, from the
two models for the two counties. A closer look at Figure 6.4a shows that both models,
as expected, predict higher ET for Custer County than for drought-stricken Duval
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FIGURE 6.4 Monthly county-average ET (mm) and the corresponding anomalies (%) for
two selected counties in the central United States in 2009 using VegET and SSEB models:
(a) monthly totals for Custer County, Nebraska, and Duval County, Texas, and (b) monthly
anomalies for Custer and Duval.
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County. Better agreement between model outputs was obtained in Custer County,
with a seasonal monthly average of 74 mm from both models. In contrast, the models
gave significantly different results for Duval County, with VegET and SSEB estimating seasonal monthly averages of 30 and 63 mm, respectively.
This illustrates potential differences between the VegET and SSEB approaches to
ET estimation and drought monitoring. According to a map of irrigated agricultural
land area for the United States (Brown et al., 2009), agriculture in Custer County
is generally under a predominantly rain-fed system, and rainfall moisture inputs
are well represented in both modeling approaches. In comparison, Duval County
appears to contain a higher fraction of irrigated land area in the irrigated agricultural land map. The increased ET due to applied irrigation water in Duval County
would be captured by LST-based SSEB but is not accounted for in the VegET model.
The largest difference between the VegET and SSEB ET curves for Duval County
occur in June and July, which is generally a time of peak irrigation for most crops.
By September, when irrigation is not as readily used and most of the ET is met by
rainfall, the VegET and SSEB ET results were in better agreement (within 12%). This
result suggests that a comparison of SSEB and VegET maps may be a valuable tool
for identifying irrigated agricultural areas. Furthermore, in principle, the difference
between the two approaches may be used to estimate the amount of irrigation that is
applied (i.e., the SSEB ET would provide the total ET irrespective of the water source
while the VegET ETa can account for the amount of ET supplied by rainfall).
Although monthly ET totals in absolute terms are important for agrohydrologic
analysis, we cannot infer from the plots in Figure 6.4a whether the counties are in a
drought or how severe the moisture deficits might be. The monthly ET anomalies for
both counties presented in Figure 6.4b are a more valuable tool for this application.
The anomalies were calculated by comparing the monthly ET in 2009 to the historical 10 year median monthly ET values (2000–2009) for the same month. This plot
shows that Duval County had below-average ET during 2009, reflecting the observed
drought, while the ET for Custer County was above average for most of the season
because of more favorable weather conditions. Furthermore, the anomalies from
both models are in better agreement than are the monthly ET totals, which further
illustrates the value of using ET anomaly information in drought detection. Despite
the large discrepancies observed between total monthly ET from VegET and SSEB
(30 mm vs. 63 mm) for Duval County, the seasonal monthly anomalies are 62% and
65% for VegET and SSEB, respectively (Figure 6.4b).

6.4

APPLICATIONS OF VegET AND SSEB FOR THE FAMINE
EARLY WARNING SYSTEM NETWORK

The livelihood of most rural populations in sub-Saharan Africa is based on traditional
rain-fed agriculture that is dependent on seasonal rainfall. Knowledge of crop water
usage and soil moisture status that can be obtained through remotely sensed ET products provides valuable information for managing water resources and anticipating crop
failure (Tadesse et al., 2008). The FEWS NET (http://earlywarning.usgs.gov/fews/)
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has developed various tools that use readily available satellite-derived and modelassimilated weather data sets to monitor health and productivity of rain-fed agricultural areas. Based on ease of implementation and minimal input data requirements, the
VegET and SSEB models are being integrated as operational monitoring tools within
the FEWS NET system.
As noted earlier, the VegET model has its origins in the original FAO WRSI
(FAO, 1986). The operational FEWS crop water balance model uses the same
principles of FAO method in the calculations of the WRSI values based on regionspecific crop calendars but parameterizes the calculation of ET as a function of
soil moisture. VegET further improves the FEWS crop water balance model by
introducing a location-specific crop water-use coefficient that is derived from
remotely sensed data.
Although the Africa operational crop water balance model is still running with a
prescribed crop calendar, a plan is underway to integrate the VegET parameterization, with a more objective vegetation calendar based on remotely sensed data that
is specific to a location instead of a region. In light of this, initial work was done to
apply the VegET model to estimate the Nile Basin water balance dynamics (Senay
et al., 2009), highlighting the potential of the approach not only in drought monitoring but also for hydrologic studies. Figure 6.5a and b compare VegET ETa estimates
with mean annual precipitation over the basin, derived from satellite-based rainfall estimate (Xie and Arkin, 1997). As expected, high and low rainfall regions
in Figure 6.5a show corresponding high and low ET, respectively, in Figure 6.5b
as the result of rainfall and vegetation cover. Note that VegET does not capture
the effects of intense irrigation that occurs along the Nile River, particularly at the
Delta in Egypt where the Nile River empties into the Mediterranean Sea (extreme
north). The diagnostic LST inputs to SSEB handle this better through the “total”
ET estimation approach instead of the rainfall-driven water balance models (data
not shown).
With the FEWS NET principle of reliance on a convergence of evidence, USGS/
FEWS NET just launched an operational implementation of the SSEB ET modeling
approach to complement the existing water balance products using a MODIS data
stream for the entire African continent. An operational ET anomaly product has
been produced and staged at the FEWS NET website (http://earlywarning.usgs.gov/
fews/africa/index.php) since June 2011. The new SSEB products consist of monthly
and cumulative ET anomalies at 1 km resolution. A sample product is shown in
Figure 6.6, highlighting the severe drought (up to <50% of normal) in east Africa as a
seasonal anomaly between January 1 and July 3, 2011 (most recent available data).
The product shows an above-average ET (>110% of normal) in parts of southern
Africa and normal conditions (ranging between 90% and 100% of normal) in much
of Africa, including the irrigated basin of the Nile River Delta. Irrigated areas tend to
show normal conditions from year to year since irrigation application is not affected
by the year-to-year variability of rainfall as long as the water is sourced from large
reservoirs, as is the case for the Nile River Delta, which is regulated by the Aswan
High Dam/Lake Nasser.
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FIGURE 6.5 (See color insert.) Spatial distribution of satellite-derived annual rainfall
in northeastern Africa (median of 2001–2007) (a) and annual ETa from the VegET model
(median from the same period as the rainfall) (b).
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FIGURE 6.5 Spatial distribution of satellite-derived annual rainfall in northeastern Africa
(median of 2001–2007) (a) and annual ETa from the VegET model (median from the same
period as the rainfall) (b).
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FIGURE 6.6 Africa-wide seasonal anomaly of ETa from the SSEB model output for 2011 as
of July 3, 2011 (January 1–July 3). SSEB ET anomaly is operationally processed and posted
on a FEWS NET website regularly on an 8 day time step.
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FIGURE 6.6 (See color insert.) Africa-wide seasonal anomaly of ETa from the SSEB
model output for 2011 as of July 3, 2011 (January 1–July 3). SSEB ET anomaly is operationally processed and posted on a FEWS NET website regularly on an 8 day time step.

6.5

CONCLUSIONS

The main objective of this chapter was to demonstrate the use of remotely sensed
data in simplified energy and water balance modeling approaches to estimating ET
for drought monitoring and agrohydrologic applications. Both VegET and SSEB
models were able to capture the general spatial patterns of seasonal ET over much of
the CONUS. However, notable differences were observed between their seasonal ET
totals, particularly over locations where water sources other than rainfall (e.g., irrigation, snowmelt runoff, and subsurface irrigation from high water tables) are available
to vegetation. The anomaly maps proved to be more useful in detecting year-to-year
changes than seasonal ET totals, which are prone to errors associated with data and
model assumptions and simplifications.
Although both approaches can provide comparable results for drought monitoring using the anomaly products, each may have unique advantages in some specific
applications and locations. For example, the water balance approach (rainfall based)
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provides more information on temporal soil moisture variability and runoff as a
by-product of the VegET model, which is useful for other hydrologic applications.
In comparison, the SSEB ET modeling is more useful for quantifying ET from nonrain-fed systems such as irrigation and groundwater-fed vegetation systems since
SSEB ET estimates ET regardless of the water source. However, some of the differences exhibited between VegET and SSEB require further investigation to fully
understand the processes involved and determine synergistic applications.
This study highlights that simplified modeling techniques and parameterization
that use readily available global satellite data and model-assimilated weather data
sets can be implemented effectively in an operational setup for timely assessment
of drought hazards and monitoring agrohydrologic conditions in data-poor parts of
the world. Recently, FEWS NET has implemented an operational setup of the SSEB
over Africa for agricultural monitoring in Africa using the MODIS data stream as
part of the convergence of evidence principle advocated by FEWS NET. Because of
the global nature of the input data sets to both the SSEB and VegET models, there
are opportunities to expand these products in different parts of the world. Field data
are required to validate and calibrate these models before using the products in an
absolute sense for water balance applications. However, the models can produce reliable anomaly products that can be used for drought detection.
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